Abstract. Recently, image communications are becoming increasingly popular, and there is a growing need for consumers to be provided with high-quality services. Although the image communication services already exist over third-generation wireless networks, there are still obstacles that prevent high-quality image communications because of limited bandwidth. Thus, more research is required to overcome the limited bandwidth of current communications systems and achieve high-quality image reconstruction in real applications. From the point of view of image processing, core technologies for high-quality image reconstruction are face hallucination and compression artifact reduction. The main interests of consumers are facial regions and several compression artifacts inevitably occur by compression; these two technologies are closely related to inverse problems in image processing. We review recent studies on face hallucination and compression artifact reduction, and provide an outline of current research. Furthermore, we discuss practical considerations and possible solutions to implement these two technologies in real mobile applications.
Introduction
With advancements in mobile communication devices, technology now allows people to communicate while looking at each other's face. This technology is also referred to as videoconferencing and basically transmits images to a display system so users can see each other while talking, as shown in Fig. 1(a) . Many market analysts predict the number of subscribers to image communication services grows exponentially every year because of lower mobile device prices and aggressive marketing of communication companies, as shown in Fig. 1(b) . As image communication services come into wide use, consumers want high-quality services. Although image communication services already exist over third-generation (3G) wireless networks, such as the high-speed downlink packet access (HSDPA), there are still obstacles that prevent high-quality communications because of limited bandwidth (maximum uploading and downloading speeds are 14.4 and 5.76 Mbps, respectively). Consequently, more research is required to overcome the limited bandwidth of current communications systems and achieve high-quality image reconstruction in mobile devices. In terms of image processing, core technologies for highquality image reconstruction are face hallucination and compression artifact reduction.
Face hallucination technology, which is also referred as face super-resolution (SR), is very important for image communications because the main interests of consumers are facial regions, as shown in Fig. 2 . A number of related face hallucination methods have been proposed in recent years. Among them, learning-based methods have received much attention because they can achieve a high magnification factor and produce good SR results compared with other methods. Baker and Kanade 1,2 first introduced a face hallucination method which constructs the high frequency components from a parent-structure resorting to the training set. Wang and Tang 3 presented a principal component analysis (PCA)-based face hallucination algorithm to globally infer the high-resolution face image. Liu et al. 4 developed a two-step statistical modeling approach which integrates a global model and a local model corresponding to the common and specific face characteristics, respectively. Although complicated probabilistic models are required in Liu et al.'s method, 4 the idea of the two-step approach became more and more popular since then. Recently, a novel face hallucination method based on position-patch has been proposed. The position-patch based method hallucinates the high resolution (HR) image patch using the same position image patches of training images. [5] [6] [7] Thus, it is able to save computational time and produce high-quality SR results compared to manifold learning-based methods.
With respect to the compression artifact reduction, several compression artifacts inevitably occur because of the loss of high frequency components caused by lossy compression techniques such as H.264 or MPEG-4 (representative artifact: blocking artifact). They seriously degrade the picture quality and are annoying to viewers of the reconstructed images as shown in Fig. 3 . 8, 9 Accordingly, compression artifact reduction is also very important for image communications. Blocking artifacts appear as grid noise along the block boundaries because each block is transformed and quantized independently. Blocking artifacts occur because of the independent transform and quantization of each block without considering inter-block correlations. Up to now, many studies have been conducted to reduce blocking artifacts from compressed images. Among them, image restoration techniques are commonly used to reduce blocking artifacts and recover the original image; 10 projection-onto-convexsets (POCS)-based methods are representative research results of such techniques. In the POCS-based methods, prior information was represented as convex sets for reconstruction, and blocking artifacts were reduced by iteration procedures.
11 POCS-based methods are very effective in reducing blocking artifacts because they are easy to impose smoothness constraints around block boundaries. Total variation (TV)-based methods are actively studied for image deblocking. 12, 13 TV provides an effective criterion for image restoration, and thus can be successfully used as prior information for image deblocking. Alter et al. 13 proposed a constrained TV minimization method to reduce blocking artifacts without removing perceptual features. By the TV minimization, edge information was effectively preserved while reducing blocking artifacts. Moreover, a field of experts (FoE) prior was successfully applied to image deblocking. 10 In this method, the image deblocking problem was solved by the maximum a posteriori (MAP) estimation based on the FOE prior. The two technologies are associated with inverse problems in image processing. In this article, we provide an outline of recent studies on face hallucination and compression artifact reduction.
The rest of this article is organized as follows. In Sec. 2, we describe the inverse problems in image processing. In Sec. 3, we explain recent research trends and results related to face hallucination, and we address them related to compression artifact reduction in Sec. 4. In Sec. 5, we discuss practical considerations and possible solutions to implement two technologies in mobile applications. Finally, conclusions are made in Sec. 6. 
Inverse Problems in Image Processing
Inverse problems involve estimating parameters or data from inadequate observations; the observations are often noisy and contain incomplete information about the target parameter or data due to physical limitations of the measurement devices. Due to lack of sufficient information in the indirect observations, solutions to inverse problems are usually nonunique and challenging. That is, they are ill-posed problems, and thus, some other reconstruction technologies are required to solve them including machine learning, Bayesian inference, convex optimization, sparse representation, and so on. [14] [15] [16] Indeed, many problems in image processing can be represented as inverse problems. They are modeled by relating the observed image gðrÞ to the unknown original image fðrÞ. A general form for the relation is as follows: 14 gðrÞ ¼ ½HfðrÞ þ nðrÞ; r∈ R;
where r represents the pixel position, R represents the whole surface of gðrÞ, H is an operator representing the forward problem, and nðrÞ represents the errors (modeling uncertainty and observation errors). If we assume operator H is linear, we can write the observation model in a vector-matrix form as follows:
where g ¼ fgðrÞ; r ∈ Rg, f ¼ ffðrÞ; r ∈ Rg and n ¼ fnðrÞ; r ∈ Rg are vectors containing the observed image pixel values, unknown original image pixel values, and observation errors, respectively; and H is a huge dimensional matrix whose elements are defined from H. Figure 4 shows the observation model in image processing which can be formulated as inverse problems. In image processing, there are many inverse problems such as image denoising, image SR, image deblurring, image decompression, and so on. Above all, we inevitably meet several inverse problems in image communications because transmission bandwidth is strictly limited in a mobile communication environment. Consequently, image sequences are compressed and transmitted using lossy compression techniques such as H.264 and MPEG-4, and thus, undesired image distortions also occur because of compression artifacts resulting from lossy compression techniques. In this article, we deal with two representative inverse problems in image processing: face hallucination and image deblocking.
Face Hallucination
Since the concept of face hallucination is introduced by Baker and Kanade, 1,2 a number of related face hallucination methods have been proposed during the past decade. In general, there are two classes of SR techniques: multiframe SR (from inputs images only) and single-frame SR (from other training images). From a methodological viewpoint, it can be widely divided into interpolation-based, 17, 18 reconstructionbased, [19] [20] [21] [22] [23] [24] and learning-based 3, 6, 7, [25] [26] [27] [28] [29] [30] methods. First, the basic interpolation methods include nearestneighbor interpolation, bilinear interpolation and bicubic interpolation, etc. 17, 18 Given one low resolution (LR) image, they only use the information of the original pixel and several pixels around it to estimate the missing pixels. It is simple and fast and can get some results when the interpolation factor is small. However, when the interpolation factor is large, the performance is not good because the high frequency information is missed. Second, reconstructionbased methods firstly build an observation model to connect the original HR image and realistic LR image, simulating the process to get a LR image from a HR image. There are many reconstruction-based methods, such as POCS, 19 MAP method, 20 iterative back-projection method, 21,22 regular method, 23 and mixed method, 24 etc. All of them need some locality prior assumptions, and can make the blur and saw-tooth effects to a certain extent. Since the prior knowledge is somewhat little, the information provided by LR images may not satisfy with the demand for HR images. Third, learning-based methods have received much attention in recent years because they can achieve a high magnification factor and produce good SR results compared with other methods. The basic idea is to compute the neighborhood between the patch of test images and the patches of training images set, and construct the optimal coefficients to approximate the HR image using the learned prior knowledge. In this article, we focus on learning-based face hallucination methods and introduce some representative works and our research results.
Example-Based Image SR
In 2001, example-based image SR was proposed by Freeman et al. Its core idea was to learn the fine details from HR images of training datasets, and use the learned relationships between LR and HR to predict fine details of a test image. Above all, Freeman et al. employed a nonparametric patchbased prior along with the Markov random field (MRF) model to generate the desired HR images. A large dataset of HR and LR patch pairs was generated and used for seeking the nearest neighbors of the LR input patches. The selected HR patch neighbors were treated as the candidates for the target HR patch. The block diagram of the method is shown in Fig. 5 . As shown in the figure, the key procedure of this method is to predict the missing high frequencies using the training datasets.
Neighbor-Embedding Based Image SR
In 2004, Chang et al. proposed a novel method for solving single-image SR problems. In this method, given an LR image as input, a set of training examples were used to recover its HR counterpart. While this formulation resembled other learning-based methods for SR, this method was inspired by manifold learning-based methods, particularly locally linear embedding (LLE). More specifically, small image patches in LR and HR images formed manifolds with similar local geometry in two distinct feature spaces. Then, multiple nearest neighbors were selected in the feature space, and SR images were reconstructed by the corresponding HR patches of the nearest neighbors. Since then, this method has been extensively applied to solving image SR problems including face hallucination.
PCA-Based Face Hallucination
In 2005, a new face hallucination method using eigen-transformation was proposed by Wang et al. In contrast to conventional methods based on probabilistic models, this method viewed face hallucination as a transformation between different image styles. PCA was used to fit the input face image as a linear combination of the LR face images in the training dataset. The HR image was rendered by replacing the LR training images with HR ones, while retaining the same combination coefficients. Since face images were well structured and had similar appearances, they spanned a small subset in the high dimensional image space. In the work of Penev and Sirovich, 31 face images were shown to be well reconstructed by PCA representation with 300 to 500 dimensions. The system diagram of this method is shown in Fig. 6 . As shown in the figure, this method first employed PCA to extract useful information as much as possible from an LR face image, and then rendered an HR face image by eigen-transformation.
Sparse Coding Based Face Hallucination
In 2008, a new approach to single-image SR based on sparse signal representation was proposed by Yang et al. This method was motivated by the image statistics that image patches could be well-represented as a sparse linear combination of elements from an appropriately chosen overcomplete dictionary. They found sparse representation for each patch of the LR input, and then used the coefficients of this representation to generate the HR output. Theoretical results from compressed sensing suggested that under mild conditions, the sparse representation could be correctly recovered from the down-sampled signals. By jointly training two dictionaries for the LR and HR image patches, they made the similarity of sparse representations between the LR and HR pairs with respect to their own dictionaries. Therefore, the sparse representation of an LR patch was applied to the reconstruction of SR images with the HR patch dictionary. The learned dictionary pair was a more compact representation of the patch pair compared to previous approaches, and simply sampled a large amount of image patch pairs reducing the computational cost effectively.
Position-Patch Based Face Hallucination
In 2010, a novel face hallucination approach was proposed by Ma et al. In contrast to most of the conventional methods based on probabilistic models or manifold learning, the position-patch based method hallucinated the HR image patch using the same position image patches of each training images. The optimal weights of the training image position-patches were estimated and the hallucinated patches were reconstructed using the same weights. The final SR face images were formed by integrating the hallucinated patches. It was able to save computational time and produce high-quality SR results compared to conventional manifold learning based methods. The position-patch based face hallucination method is briefly described in Algorithm 1. Step 2: For each patch X L P ði; jÞ:
(a) Compute the reconstruction weights wði; jÞ by least square estimation (b) Synthesize the HR patch X H P ði; jÞ
Step 3: Concatenate and integrate the hallucinated HR patches to form a facial image, which is the target HR facial image fX H P ði; jÞg N p¼1 .
Convex-Optimization-Based Face Hallucination
Inspired by the position-patch based face hallucination method, a new convex optimization based face hallucination method is proposed. The position-patch based method has employed least square estimation to get the optimal weights for face hallucination; however, the least square estimation approach can provide biased solutions when the number of the training position-patches is much larger than the dimension of the patch. To overcome this problem, we make use of constrained convex optimization instead of least square estimation to obtain the optimal weights for face hallucination. The optimal weights (w) are computed by solving the following convex optimization problem:
where Y L P is a column matrix of the training patches Y L mP ði; jÞ for m ¼ 1; 2; : : : ; M; and ε is a error tolerance. Consequently, the hallucinated HR patch X H P ði; jÞ is obtained by:
By Eqs. (3) and (4), we can get more stable reconstruction weights for face hallucination because l 1 -norm is more suitable for this problem, and because each patch can be approximated with a smaller subset of patches than l 2 -norm. In contrast, l 2 -norm provides nonzero weights for all patches. Figure 7 shows the face hallucination results by bi-cubic interpolation, example-based image SR, 25 neighbor-embedding based image SR, 26 position-patch based face hallucination, 5 and convex optimization based face hallucination. 7 We performed experiments on the CMU-PIE face database which contains 41,368 images obtained from 68 subjects.
We took the frontal face images with 21 different illumination conditions. Thus, the total number of images was 1,428. Among them, 630 images of 30 subjects were used in the training stage, and the rest were used in the synthesis stage. In the neighbor-embedding method, the HR patch size of Y H m was 12 × 12 pixels, while the corresponding LR patch size of Y L m was 3 × 3 pixels. In addition, the number of the neighbor patches for reconstruction was 5. The size of the image patches in position-patch and convex optimization methods was 3 × 3 pixels. The size of LR images for training and synthesis was 25 × 25 pixels, while that of hallucinated results was 100 × 100 pixels. That is, interpolation factor was 4. As shown in the figure, learning based methods generally produce better face hallucination results than traditional bicubic interpolation. Above all, the hallucinated results of Refs. 25 and 26 are somewhat blurred and with some artifacts; however, results of Refs. 5 and 7 produce more natural looking facial images. Further examination of the results reveals that Ref. 7 is more effective in preserving the edge and image details in the nose and mouth areas than Ref. 5 .
For a more quantitative test, average peak-to-noise ratio (PSNR) and structural similarity (SSIM) values of the face hallucination results are provided in Table 1 . The SSIM is a complementary measure of the PSNR, which gives an indication of image quality based on known characteristics of the human visual system. 32 Here, the unit of PSNR is dB. As shown in the table, our method achieves the best hallucination performances in terms of the PSNR and SSIM. Here, the bold numbers represent the best PSNR and SSIM values.
Compression Artifact Reduction
Block-based discrete cosine transform (BDCT) has been widely used in image and video compression due to its energy compacting property and relative ease of implementation. [33] [34] [35] [36] Thus, BDCT has been adopted in most image/video compression standards including JPEG (joint photographic experts group) and MPEG (motion picture experts group). However, BDCT has a major drawback, which is usually referred as blocking artifacts. Blocking artifacts appear as grid noise along the block boundaries because each block is transformed and quantized independently. Usually, the lower the bit rate is, the more serious the blocking artifacts are. Blocking artifacts occur because of the independent transform and quantization of each block without considering inter-block correlations.
Main Techniques for Image Deblocking
There are two main techniques to deal with the blocking artifacts: in-loop filtering and postprocessing methods. The inloop filters operate within coding loop while the postprocessing methods are applied after the decoder and make use of decoded parameters. Table 2 lists the deblocking filters employed by current video coding standards. 37 As listed in the table, in-loop filters have been optionally or not used because of the need of changing the encoder structure. Thus, postprocessing methods are promising solutions to this problem and comparable results have been achieved by researchers.
Postprocessing Methods For Image Deblocking
Since early 1980s, postprocessing of low bit-rate BDCT coded images has a lot of research attention. Postprocessing methods are classified into three main groups: filteringbased, denoising-based, and restoration-based methods. 10 First, some researchers viewed the distortions around the block boundaries as spatial, high-frequency components.
Thus, many filtering-based methods have been proposed to reduce them. In 1984, Lim and Reeve 38 first applied low-pass filtering to the pixels along the boundary to remove the blocking artifacts. Then, in 1986, Ramamurthi and Gersho 39 proposed a nonlinear space-variant filter to perform filtering in parallel with the edges. Since then, many filtering-based methods have been presented, and the representative work is the adaptive deblocking filter, which has been used in the H.264/MPEG-4 advanced video coding (AVC) standards to reduce the distortions. 40 Second, some researchers viewed deblocking as a denoising problem. They proposed some efficient noise models and some deblocking methods based on the wavelet technique. In 1997, Xiong et al. 41 exploited cross-scale correlation by the overcomplete wavelet transform, and used the thresholds to reduce the distortions. In 2004, Liew and Yan 34 made a theoretical analysis of the blocking artifacts, and used the threescale overcomplete wavelet scheme to reduce them.
Third, many researchers viewed deblocking as a restoration problem, and proposed restoration-based deblocking methods. The POCS-based method was a representative approach of the restoration-based methods for deblocking. 42 In the POCS-based methods, prior information was represented as convex sets for reconstruction, and blocking artifacts were reduced by iteration procedures. The POCS based methods were very effective for reducing blocking artifacts because they were easy to impose smoothness constraint around block boundaries. In 2003, Kim et al. 11 proposed a new smoothness constraint set (SCS) and an improved QCS to improve performances of the POCS-based methods. Furthermore, the TV-based methods were actively studied for image deblocking. TV provided an effective criterion for image restoration, and thus could be successfully used as prior information for image deblocking. 13, 43 In 2004, Alter et al. proposed a constrained TV minimization method to reduce blocking artifacts without removing perceptual features. In 2010, a human visual system (HVS)-based TV method using a new weighted regularization parameter was proposed by Do et al. 44 In 2007, a FoE prior 45, 46 was successfully applied to image deblocking by Sun and Cham. 10 In this method, the image deblocking problem was solved by the MAP estimation, based on the FOE prior. In addition, they employed the narrow quantization constraint set (NQCS) for further PSNR gain. 47 Consequently, this method achieved a high PSNR gain and produced state-of-the-art results on deblocking.
Sparse Representation Based Image Deblocking
Recently, sparse representation has been actively studied to solve various restoration problems in image processing. [48] [49] [50] [51] [52] Some researchers have made significant contributions to 48 To remove blocking artifacts, we obtain a general dictionary from a set of training images using K-singular value decomposition (K-SVD) algorithm, which can effectively describe the content of an image. Then, an error threshold for orthogonal matching pursuit (OMP) is automatically estimated to use the dictionary for image deblocking by the quality of compressed image. Our deblocking method is comprised of two main procedures: generation of a deblocking dictionary using K-SVD algorithm, and image deblocking by the deblocking dictionary. That is, the deblocking dictionary is generated in the training stage, and blocking artifact reduction is performed in the testing stage.
Deblocking dictionary design using K-SVD algorithm
In the training stage, image patches are selected to generate a dictionary for image deblocking. From the image patches, a deblocking dictionary is trained by the K-SVD algorithm.
Here, to solve the optimization problem, the batch-OMP method is used. 54 The K-SVD algorithm is an iterative method to generate an overcomplete dictionary that fits training examples well. It is simple and designed to be truly direct generalization of the K-Means algorithm. [52] [53] [54] [55] [56] In general, it alternates between sparse coding and dictionary update while training.
LetX ¼ ½x 1 ; : : : ; x p be an n × P matrix of P training patches of n-length pixels, used to train an overcomplete dictionary D of size n × K with P ≫ K and K > n. For generating D, the objective function of the K-SVD algorithm is defined as follows: 55, 57 
where S is a given sparsity level, Θ ¼ ½θ 1 : : : θ p , and θ i is the sparse vector of coefficients representing the i'th patch in terms of the columns of D ¼ ½d 1 : : : d K . The K-SVD algorithm progressively creates the deblocking dictionary D from an initial dictionary by solving Eq. (5). The full steps of dictionary generation are described in Algorithm 2.
Automatic estimation of error threshold
The deblocking dictionary D is employed to reduce blocking artifacts. The objective function for image deblocking is as follows:
where Y is the corrupted image by blocking artifacts and T is an error threshold for OMP. Blocking artifacts are reduced by optimizing Eq. (6), and we can reconstruct the original image. As can be expected, an error threshold T of Eq. (6) should be estimated to use the deblocking dictionary in reducing blocking artifacts. We can estimate T for OMP automatically using quality information of JPEG compressed images. The procedures of estimating T are summarized as follows. First, the standard deviation of the quantization noise, σ N , is estimated as shown in Fig. 8 . Since the blocking artifacts mostly occur around the block boundaries, σ N is computed from the intensity difference Diff between two boundary pixels on both sides of a boundary between two blocks as follows:
Algorithm 2 Dictionary generation by the K-SVD algorithm.
Step 1: Initialize a dictionary D (an overcomplete DCT dictionary)
Step 2 
Restrict E k by selecting only the columns corresponding to those elements that initially used d k in their representation, and obtain E k R . b-4) Apply SVD decomposition E k R ¼ UΔV T , and update
where Δð1; 1Þ is the largest singular value of E k R ; and u 1 and v 1 are the corresponding left and right singular vectors, respectively.
Fig. 8 Block discontinuity estimation:
Diff is the absolute value of onehalf the intensity difference between two pixels; two pixels s 1 and s 2 belong to Block 1 and Block 2 , respectively; and IðsÞ is the intensity of a pixel s. Here, Diff is computed between two boundary pixels on both sides of a boundary between two blocks.
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where Diff is the absolute value of one-half the intensity difference between two pixels, s 1 and s 2 . In computing Diff, only horizontal or vertical block discontinuities are considered as mentioned in Ref. 34 . In the figure, pixels s 1 and s 2 belong to Block 1 and Block 2 , respectively; IðsÞ is the intensity of a pixel s. Accordingly, we compute σ N of the compressed blocky image from Diff. Then, T is computed based on σ N . In the previous works for image denoising, 34, 53, 57 T old is obtained by the following equation:
Here, the noise gain C is set to 1.15. In the JPEG coding standard, the most important parameter is the quality q, which contains a value between 0 and 100. The higher q is, the less image degradation due to compression is; however, when q is high, the resulting file size is large. For image deblocking, we found that T old fits well when T old is only 10 by various experiments. In other cases, T old do not follow the distribution of the error threshold T of Eqs. (6) by (8) . Instead, we found that T new ∕T old follows nonlinear distribution according to a given quality q as shown in Fig. 9 . Thus, we modify Eq. (8) as follows: Fig. 9 Distribution of the error threshold according to quality: the red line is the actual distribution of the error threshold. 11 The general dictionary by K-singular value decomposition (K-SVD) using 100,000 image patches (total 512 atoms are learned with each atom of size 8 × 8 pixels).
where a, b, and c are the control parameters, and their appropriate values are adjusted by experiments. Here, a, b, and c are set to be 20, 10, and 0, respectively. Consequently, the error threshold for OMP is computed by T new of Eq. (6), and used to solve Eq. (3). As a result, we get deblocked results of JPEG compressed images by the learned dictionary D.
As shown in Fig. 10 , six typical images were used for the tests, Barbara, Lena, Boat, Peppers, Baboon, and Fruits, whose sizes were 512 × 512 pixels. In the training stage, total 91 natural images provided by the Yang et al.'s work 51 were used to generate a general dictionary. Dictionary size and all parameters including C, a, b, and c of Eqs. (8) and (9) are determined on the training data set. In addition, the dictionary was trained from randomly sampled 100,000-image patches using K-SVD, i.e., the size of each patch is 8 × 8 pixels. Thus, the size of the training data was 64 × 100;000 pixels. We performed the experiments until q was 20 because the blocking effects mainly occur when q was from 0 to 20. 36 The dictionary with the 512 atoms is used in our experiments. Figure 11 shows the generated dictionary from the training data. Figures 12 and 13 show the JPEG compressed images and their deblocked results of the Barbara and Baboon images, respectively, according to different quality values, i.e., q is 1, 5, 10, 15, or 20. It can be observed that the lower q is, the more blocking artifacts ), (g) the deblocked result of (b), (h) the deblocked result of (c), (i) the deblocked result of (d), and (j) the deblocked result of (e). ), (g) the deblocked result of (b), (h) the deblocked result of (c), (i) the deblocked result of (d), and (j) the deblocked result of (e). occur along block boundaries in the compressed images. This is because transform coefficients of blocks are quantized independently in BDCT based image compression.
As can be seen in (a)-(e) of the figures, the blocking artifacts are degrading the quality of picture seriously. In addition, the blocking artifacts are remarkably reduced as the quality increases. In the figures, (f)-(j) show the reduction results of the blocking artifacts by the proposed method. It can be observed that the proposed method suppresses the blocking artifacts efficiently and improves the picture quality, especially along block boundaries where the block discontinuities are severe.
To provide more reliable performance evaluation of the results, we compare our method with the latest state-ofthe-art one which is based on the FoE prior. 10 It has been reported that the method has achieved the best deblocked results in terms of PSNR. As evaluation metrics, the PSNR and SSIM are considered to measure the quality of the estimated images. To simulate various types of BDCT compression, three quantization tables, usually denoted as Q1, Q2, and Q3, have been commonly used by many researchers. 10, 34 The Q1, Q2, and Q3 tables correspond to a medium to high compression level, similar to what can be obtained by using JPEG with q ¼ 11, q ¼ 9, and q ¼ 5, respectively. 9 Accordingly, in our experiments, the values of q are used instead of the quantization tables when the performance of our method is evaluated because our method is based on the quality information. Table 3 lists the PSNR and SSIM values of the deblocked results obtained by the FoE prior-based method and ours. In the FOE priorbased method, 10 the FoE prior captures the statistics of natural images, and thus, has been effectively employed for image denoising and inpainting. 45, 46 The FOE prior has been successfully applied to deblocking of BDCT compressed images. 10 We have obtained the corresponding software for evaluation at http://www.cs.brown.edu/ dqsun/ research/software.html. In the experiments, the FoE filter size is 5 × 5 pixels and the maximum number of iterations is 200. In the FoE prior-based method, 10 the narrow quantization constraint set (NQCS) 47 have been used for the higher PSNR gain of deblocked results, and thus we also report the improved PSNR values by NQCS (see the 7th column). Combined with the NQCS method, 47 our method generally achieves the best PSNR and SSIM results about the test images. In the table, the bold numbers represent the best PSNR and SSIM values of each image at each quality. 
Practical Considerations for Mobile Applications
Currently, high-end mobile phones, which are usually referred to as smartphones, support multiple radio standards and a rich suite of applications including advanced radio, audio, video, and graphics processing. They provide more advanced computing ability and connectivity than contemporary feature phones using multiple chips such as a baseband processor and an application processor. Moreover, it is expected that new functionalities are being added to smartphones at an increasing rate; however, the increases in battery capacity have not matched increases in functionality. [58] [59] [60] [61] [62] In fact, battery capacities have not been growing more than 10%every year, whereas the number of features and applications. 59 Thus, the needs for low power and high performance are growing at a significantly higher rate. As listed in Table 4 , the present workload of a 3.5 G smartphone amounts to nearly 100 giga operations per second (GOPS). This workload increases at a steady rate, roughly by an order of magnitude every 5 years. The workload is partitioned by application processing, radio processing, media processing, and 3D graphics. Among them, about 60% of the workload is used for radio and application processing. More than 30% of the workload is assigned to media processing including the functions such as display processing, camera processing, video decoding, and encoding. Here, video encoding requires the most amount of operations, i.e., 17 GOPS. In the workload for media processing, 10 GOPS is available, and thus two new functions (e.g., face hallucination and image deblocking) can be realized using it. Recently, the multicore architecture for mobile applications has been proposed to support a workload of 100 GOPS with 1 W. 58 We believe the multicore architecture can be effectively employed for implementing the new functions.
Another way to implement them is to use the graphics processing units (GPU)-based parallelization technology. Fortunately, due to the strong computational locality of video processing algorithms, video processing is highly amenable to parallel processing. Such locality makes it possible to divide video processing tasks into smaller, weakly interacting pieces for parallel computing. 63 The GPUbased parallelization technology drastically reduces the amount of operations, and thus, effective parallel architectures and programming also can be used to implement the new functions for mobile applications.
Conclusions
In this article, we provided two core technologies for highquality image communications from the point of view of image processing: face hallucination and compression artifact reduction. The technologies have a close relation to inverse problems in image processing, and thus, we have described recent studies and our related research results to deal with the inverse problems effectively. When image data are transmitted over mobile communication networks, data loss inevitably occurs in the high frequency components of images because of lossy compression techniques. Thus, the quality of facial regions (i.e., main interests of image communications) is reduced and several compression artifacts inevitably occur. We have demonstrated that convex optimization and sparse representation can be effectively employed for solving the inverse problems and achieving high-quality image communications. In addition, to implement the technologies in actual mobile devices, power management is a critical issue due to the limited capacity of batteries. Therefore, this article also discusses practical considerations and possible solutions to implement two technologies in mobile applications.
Nowadays, displays of many different sizes, including mobile displays, have come into wide use. They also have the same problems of high-quality image reconstruction. We believe the two technologies can be effectively employed for enhancing image quality in various displays.
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